ABSTRACT This article comprehensively examines the impact of IPM-FFS on yield, insecticide expenditures
Introduction
Chemical pesticides have been used extensively for pest control by farmers in developing countries such as the Philippines. About 70% of farmers in the Philippines use chemicals as their main crop protection practice and some of them even utilize chemical pesticides that are restricted and/or banned (i.e., categories I and II) (Javier, et.al, 2005) . The use (and misuse) of chemical pesticides have caused serious problems to ecosystem and human health (Rola and Pingali, 1993; Pingali and Roger, 1985; Antle and Pingali, 1994; and Tjornhom et.al, 1997) .
Chemical pesticide misuse is even more evident in vegetable crop production (relative to traditional grain crops) because of its vulnerability to a wider range of pest and diseases (Tjornhom et.al, 1997) .
With increasing concerns about the adverse effects of chemical pesticide use, there have been many efforts to reduce excessive use of insecticides in developing countries. Integrated pest management (IPM) that involves the use of cultural, biological, and chemical techniques to control pest populations has been developed and promoted as an alternative option for farmers in developing countries (Norton et.al, 1999) . IPM in the Philippines was initiated by the Food and Agriculture Organization (FAO) in the late 1970s. Extension and training programs were also developed during this period to teach farmers the IPM method (Pontius et. al., 2002) .
Conventional extension approaches, such as mass media, bulletins or extension agent visits, have been used to convey research findings as a technological package in the past, although these approaches were viewed to have limited success. These methods are seen as less effective for improving knowledge when compared to more participatory approaches like Farmer Field Schools (FFS) (Feder et.al, 2004; Rola et.al, 2002; Rola and Pingali, 1993) . With its first introduction in East Asia in the late eighties for rice-based systems, the IPM-FFS model has spread significantly in Asia, Africa, and Latin America and has evolved to include a broader coverage of other farm relevant topics in the curriculum and to varieties of crops (Feder et.al, 2004; Godtland et.al, 2004) . The FFS has also been regarded as the best suited approach for introducing knowledge-intensive technologies (like IPM) in the Philippines, although there has been limited success in spreading the technology through spill-over to non-FFS farmers (Rola et.al, 2002) .
Initial assessments of the IPM-FFS approach and early impact studies have documented strong impacts on yield and pesticide use. However, these early studies did not address potential endogeneity and self-selection bias that may have affected the results. More recently, there have been econometric studies that analyzed the impact of IPM-FFS while controlling for selection and endogeneity issues. However, evidence across countries suggests conflicting results. Feder et. al. (2004) used a difference-in-difference (DID) model with panel data from Indonesia and found no significant difference between FFS participants and non-participants in terms of pesticide use and yield outcomes. However, using the same panel data used by Feder et. al. (2004) in Indonesia, Yamazaki and Resodarmo (2008) found that FFS participants significantly increased yield and reduced pesticide use in the short-term. In the medium term, however, no significant difference in performance between FFS participants and non-participants was observed. Rejesus et. al. (2011) also used a DID approach to investigate the impacts of IPM-FFS on Vietnamese farmers' IPM knowledge, yield, and pesticide use. They did not find statistically significant impacts of IPM-FFS on yield, but there is some evidence that IPM-FFS improve farmers' knowledge about IPM concepts (at least initially). Rejesus et. al. (2011) also found that IPM-FFS reduce overall pesticide use, but IPM-FFS did not have statistically significant impacts on insecticide use when broken down into different periods after sowing.
In contrast, Godtland et. al. (2004) , while controlling for selection using propensity score matching techniques, revealed that participants in Peru knew more about IPM and have significantly higher yields than their non-participant counterparts. Rejesus et. al. (2009) The Philippines has had eighteen years of participatory IPM-FFS experience in rice and vegetables, but most of the impact evaluations in this country to date merely depend on beforeand-after or with-and-without approaches. More sophisticated econometric estimation that controls for endogeneity and/or selection biases have not yet been done so far for the IPM-FFS experience in the Philippines (except for Yorobe et. al., 2011) . Such documentation is necessary to aid decision makers in planning for a more effective national IPM dissemination strategy.
The purpose of this study is to comprehensively examine the impact of IPM-FFS on yields, insecticide expenditures, labor expenditures, herbicide expenditures, fertilizer expenditures, profit, and farmer's self-reported health status. The study particularly focuses on onion production in the Philippines considering the length of IPM-FFS experience for this crop in the country and onion's vulnerability to a wide range of pests. Two methods used in the analysis to account for the selection bias problems include: (1) propensity score matching (PSM) methods that create a comparison group (i.e., the counterfactual) from non-IPM farmers, and (2) a regression-based approach described in Wooldridge (2002) and Godtland et al. (2004) . A farm survey of onion growers in Nueva Ecija, Philippines where FFS trainings have been conducted provides the data for the evaluation.
Empirical Setting and Data

Background: Onion Production and FFS in the Philippines
The first IPM- in collaboration with the University of the Philippines, Los Baños (UPLB) and three other US Universities (see Norton et. al., 1999) . The program concentrated on onion since it provides the highest income to farmers after the wet season rice crop and it is popularly grown by farmers in the area.
2 The preliminary survey also showed that pesticide use was quite intensive for this crop. Ten years after the implementation of the IPM-CRSP in the area, several mature IPM technologies were eventually developed for onions and were ready to be transferred to farmers. For the whole growing season, participants visit their onion fields weekly and congregate thereafter to discuss field activities/observations particularly with respect to insects and pests. In the classroom, farmers are then taught by pest experts on how to manage these insects and pests the IPM way (i.e., the techniques discussed above). This knowledge is then applied by the participant in their fields under the guidance of the trainers. Post-evaluation of the method is also undertaken weekly to inform other farmers on the method and its effectiveness. The training lasts until the end of the harvest season. Aside from experiential learning, the program also uses pamphlets and brochures in addition to lectures. Samples of the materials needed for biological control are also distributed so that participants can study and test it in their fields. 
Sampling and Data Description
The data used in this study came from a face-to-face farm-level survey of onion growers in two areas of Nueva Ecija province, Philippines on October 2009. A three stage sampling framework was followed for this study. The town of Talavera and San Jose City were immediately selected for this study since the IPM-FFS trainings in 2004 and 2007-2009 were conducted in barangays within these sites. 3 Majority of farmers participating in FFS in the province also came from these two locations and onion remains a primary vegetable crop in these areas after rice. Farmers in these areas practice an intensive rice-onion cropping system.
In the second stage, eight major onion growing barangays (i.e., the smallest political unit in the Philippines) within Talavera and San Jose City were selected, four where FFS training has been conducted (FFS-barangays) and four where FFS training was not conducted (non-FFS barangays). The non-FFS barangays were chosen based on their distance from the FFS barangays and the importance of onion as a second crop to rice. Distance was a major factor in order to assure that spill-over effects from FFS to non-FFS farmers are minimized. However, it is important to note that an earlier study in the Philippines have already indicated that spill-over from FFS-trained farmers to other non-trained farmers tends to be insignificant (Rola et al., 2002) . In addition, we chose the non-FFS barangays so that the socio-economic, climatic, and topographic characteristics are similar to the FFS-barangays (for comparability (See Yamazaki and Resodarmo, 2008 and Rejesus et al., 2011) . This can be a topic for future work.
Enumerators, using a pre-tested questionnaire, surveyed the randomly selected onion farmers and asked information about several outcome variables of interest that may be affected by the IPM-FFS program including yield, profit, health status, and various input expenditures (e.g., insecticide, herbicide, fertilizer, and labor). Since direct comparison of mean outcomes between IPM-FFS adopters and non-adopters may give biased results due to self-selection (as mentioned earlier), additional data on socio-economic characteristics that may affect farmers' decision to attend the IPM-FFS program were also collected. These characteristics were collected to be able to find non-participants that are as similar as possible to the IPM-FFS adopters. The following socio-economic characteristics are the observable variables used in the PSM and regression-based methods: sex, age of farmers, experience, income from other sources, distance to extension office, distance to pesticide suppliers, degree of pest infestation, and location. After removing observations due to incomplete information and missing data issues, 197 observations (69 IPM-FFS farmers and 128 non-IPM farmers) are used in this study. 4 Ex post power tests were conducted to show that the sample size used have enough power (i.e., high enough probability of correctly rejecting the null hypothesis when the null hypothesis is truly false) with respect to the major inferences emphasized in the study. However, it should be noted that non-significance of IPM-FFS on some outcomes of interest may be due to the relatively small sample size. Detailed results of all power tests are available from the authors upon request. (1)
Empirical Approach and Estimation Procedures
Selection Bias and Propensity Score Matching Method
To accurately estimate the impact of IPM-FFS on outcomes of interest, we need to look at the difference between the outcomes from the IPM-FFS farmers and the outcomes from the same farmers had they not participated in the IPM-FFS (i.e., the counterfactual). This impact is known as the average treatment effect on the treated (ATT) which is defined as:
But in reality, we cannot observe the outcome of IPM-FFS farmers had they not adopted,
E(Y 0 |D=1). We only observe the non-IPM-FFS outcome from non-IPM-FFS farmers,
E(Y 0 |D=0). If adoption of IPM-FFS is randomly assigned, the adoption dummy variable D
would be statistically independent of outcome (Y 1 , Y 0 ). Then ATT is identical to the expected impact of IPM-FFS on a randomly drawn farmer (known as the average treatment effect (ATE)):
In the case that the treatment indicator D and outcome Y are independent and using equations (3.1) to (3.3), we can estimate the ATT as (Wooldridge, 2002) :
However, this randomization of IPM-FFS adoption is not met in our case since there are both observed and unobserved characteristics of farmers that influence the IPM-FFS adoption and the outcome of interests. Given non-random adoption of IPM-FFS, using equation (4) in estimating the impacts of IPM-FFS would yield biased estimators (i.e., due to selection bias).
There are two main sources of selection bias when directly comparing outcomes from IPM-FFS adopters and non-adopters: (1) selection on observables and (2) and Y 0 should be independent of treatment assignment, D, conditional on a set of observables, X (Rubin, 1977; Rosenbaum and Rubin , 1983 ) :
For ATT, we are interested in the outcome of IPM-FFS farmers had they not adopted,
That is, we only need independence between Y 0 and D. Then the CI assumption condition can be weakened to the conditional mean independence (CMI) assumption (Heckman, Ichimura, and Todd, 1998) :
However, matching directly on all characteristics in X becomes infeasible when the dimension of X is large. Rosenbaum and Rubin (1983) proposed propensity score matching (PSM) techniques to solve this problem by matching treated and control groups (IPM-FFS and non-IPM-FFS farmers in our case) based on the probability of treatment (probability of participating in IPM-
called the propensity score, where
Matching by P(X) instead of the whole set of X needs "the balancing property" of pre-treatment variables, given P(X), to hold:
Another basic criterion in the PSM method is that the matching should be done on "the common support" region. This common support region are observations with propensity scores belonging to the intersection of propensity scores for the treated and controls (Becker and Ichino, 2002; Caliendo and Kopeinig, 2008) . Rosenbaum and Rubin (1983) show that given condition (5), (7), and (8) (plus the common support criterion), condition (6) becomes:
and the average treatment effect on the treated is calculated by:
In this study, we follow common steps in implementing the PSM method (see Sianesi, 2001; Becker and Ichino, 2002; Caliendo and Kopeinig, 2008) . The first step is the estimation of propensity score, P(X), using a parametric binary response model (logit or probit model) and "testing for the balancing property". The second step is selecting the matching methods and then matching IPM-FFS farmers with non-IPM-FFS farmers. Following standard practice in the PSM literature, nearest neighbor matching (NNM) and kernel-based matching (KM) methods are employed in this study. A common support constraint is also imposed where the observations to be matched are dropped from the sample when their estimated propensity score is either above the maximum or below the minimum propensity score of the opposite group. The next step is checking the matching quality to see whether the mean of all variables in X are statistically the same between the matched treated and control groups. If the matching quality is satisfactory, we can estimate the ATT using equation (10). But if the equality of means of any variables between two groups is rejected, we have to go back to the first step to re-estimate the propensity score using a different set of conditional variables until we find the proper set. However, if the matching quality is still not acceptable after trying with different sets of variables, other approaches should be considered.
The PSM method is an effective semi-parametric tool to control for selection bias that is specifically due to observable variables ("selection on observables"), however if there are unobserved variables which affect assignment into treatment and the outcome variable simultaneously, a "hidden bias" or "selection on unobservables" bias might arise and the PSM estimator may no longer be consistent. 5 Therefore, given this limitation of PSM, the last step is to test the sensitivity of the results to see how strong the influence of unobserved variables would have to be in order to undermine the implications of the PSM analysis. We use the "Rosenbaum bounds" method proposed by Rosenbaum (2002) to assess the impact of unobserved variables on the PSM results (See Gangl and DiPrete, 2004; Watson, 2005 for more details).
The "Rosenbaum bounds" method relies on the assumption that the probability of treatment for individual i is determined by both observable and unobservable variables:
The odds ratio that individual i receive treatment is:
For two matched individuals (i and j) with identical observed variables, the ratio of the odds between these two individuals is:
If there are either no "selection on unobservable" bias or no differences on unobserved variables, γ(ui -uj) is equal to zero and the ratio in equation (13) is one. If there is an unmeasured variable that affects the probability of treatment, this ratio is no longer equal to one. For simplicity, Aakvik (2001) assume that u∈{0,1}. We can assess the sensitivity of the outcomes with respect to the "selection on unobservables" bias by varying the value of e γ and looking for the value that eliminate the impact of the treatment. The result is said to be sensitive to unobserved variables if this value is close to one. In this case, we should interpret the result with caution and/or consider other evaluation approaches like instrumental variable (IV) methods or panel data difference-indifference (DID) estimators.
The Regression-based Method
As a robustness check to the PSM approach, we also employ the regression-based approach described in Godtland et al. (2004) (see also Wooldridge, 2002, pp. 611-613) . This method is also based on the conditional independence (CI) assumption (condition (5) above) which can be rewritten in parametric form as follows:
where X is the vector of observable variables with average value X . Then we can write the expected outcome Y conditional on a set of observed variables as:
The parameters δ, α, β, and γ can be estimated by using ordinary least square (OLS) method to regress Y on D, X, and ( ) D X X − from:
If there are no unobserved variables that determine Y, the parameter estimates from the OLS regression are consistent and we can derive the average treatment effect given X as:
We can average this equation over any groups of population to obtain the impact of treatment on the outcomes of those groups. Averaging equation (17) over the whole sample gives us the ATE, which is equal toα . To estimate ATT, which is of more interest in this study, we average equation (17) over the treated group (the IPM-FFS farmers in our case):
Similar to the PSM method, the regression from equation (16) only allows us to account for bias due to "selection on observables". In case there are unobserved variables (in the error component,ε ) that determine the outcome and treatment decision simultaneously, the parameters estimates are no longer consistent. However, we can assess the magnitude of the potential "selection on unobservable" bias that would eliminate the impacts of treatment on the outcomes.
We follow the procedure by Altonji et al. (2005) that use the information about "selection on observables" to guide whether bias due "selection on unobservables" are problematic in this case 7 . Based on equation (16), the procedure to see the impact of the "selection on unobservables" bias relies on the condition:
This condition states that the relationship between D and the variance-adjusted mean of the distribution of the index of unobservable that determine outcomes is the same as the relationship between D and the variance-adjusted mean of the observable index 8 . To measure the impact of "selection on unobservables" bias, we would like to know how large this bias have to be to account for the entire estimate of α under the null hypothesis that there is no impact from treatment (α = 0 and γ = 0). We regress D on X so that D = Xθ + D  where Xθ is the predicted value and D  is residuals. Altonji et al. (2005) show that the bias from unobservables on the parameter estimate for D,α , from equation (16) is:
Under the null hypothesis that there is no impact from treatment, we regress equation (16) 
The ratio of the shift in the distribution of unobservable that is required to explain away the entire observed treatment effect based on observable variables is:
If τ is substantially higher than 1, then shift in unobservable has to be substantially larger than shift in the observables to invalidate the measured treatment impact and the "selection on unobservable" may not be a big issue in this case. On the other hand, if this ratio is close to or less than 1, it means that the same or smaller shift in unobservable can eliminate the treatment impact. Similar to the PSM method, we should interpret the regression-based result with caution and/or consider other evaluation approaches as a robustness check when τ is close to or less than one. In the cases where our outcome variables of interest are sensitive to unobservable variables, the IV technique is typically used (especially for cross-sectional data). The application of the IV technique with the regression-based method above is done by using the predicted probability to where W is a vector of instrumental variables that affect IPM-FFS adoption, c and θ are the parameters to be estimated, and ν is the random error term. Note that the vector of instruments has to include an "exclusion" restriction where at least one variable only affects the IPM-FFS decision but not the outcome variables (e.g., yield, profit, and input expenditures). Similar to the OLS regression-based method, the parameter estimates from equation (22) give the ATE equal to α while the ATT can be calculated using equation (18).
Results
Descriptive Statistics
Summary statistics for the variables used in the regression-based estimation and the probit model for the PSM method are presented in Table 1 . The set of observable variables, X, used in this study are consistent with previous empirical studies of IPM-FFS impact (See Feder et al., 2004; Rejesus et al., 2009; Yorobe et al., 2011) . Based on Table 1 , the mean yield, herbicide expenditures, and profits are higher for IPM-FFS farmers compared to non-IPM-FFS farmers, while insecticide expenditures are lower for IPM-FFS farmers relative to non-IPM-FFS farmers.
The mean labor expenditures and fertilizer expenditures do not seem to statistically differ between IPM-FFS adopters and non-adopters. However, we cannot make a conclusion based on these simple mean comparisons because of bias from "selection on observables" and "selection on unobservables", as mentioned above.
PSM Results
The first stage probit estimates for the probability of IPM-FFS adoption to be used in the PSM are presented in Table 2 . The balancing property is satisfied for this probit specification (See Appendix A.). The probit results suggest that farms that are closer to the extension office and pesticide suppliers are more likely to adopt IPM-FFS. Hence, these are the main observable variables that seem to drive participation in IPM-FFS. The next step is to match IPM-FFS farmers with non-IPM-FFS farmers using the propensity scores estimated from the probit model.
We implement two matching methods; the nearest neighbor matching and the kernel-based matching methods. We used one-to-one and ten-to-one matching for the nearest neighbor matching (NNM) method and we used the Epanechnikov kernel matching (KM) with a bandwidth at 0.06 for the kernel matching. Table 4 ). These magnitudes are lower than the study of Yorobe et. al. (2011), where they found the reduction in insecticide expenditures to be around PhP 5,500.
11
For the impact of IPM-FFS on profit, only the result from 1-to-1 NNM method indicates that IPM-FFS farmers receive higher profit (about PhP49,559 higher) than their non-IPM-FFS counterparts at 10% significant level. Although the results based on other matching procedures show that the profit magnitudes for IPM-FFS farmers are higher than the non-IPM-FFS farmers, 9 For the bandwidth value at 0.06, we followed Silverman's (1986) , where h is the bandwidth, σ is the standard deviation of outcome of interest, and n is the number of observation in the sample. 10 We also used different numbers (i.e., 5, 15, and 20) in the nearest matching method and we also used different bandwidths (i.e. 0.05 and 0.1) for the kernel matching method. The results of these alternative matching schemes are not substantially different from the results reported here and are available from the authors upon request. 11 However, the study of Yorobe et. al. (2011) 
The Impact of Unobservable Variables on PSM Results
The sensitivity of the results from PSM to unobservable variables can be done by using the "Rosenbaum bounds" method mentioned above. But the available tool to conduct the "Rosenbaum bounds" analysis can only be implemented for 1-to-1 NNM method (Kassie et al., 2010) 13 . Based on 1-to-1 NNM sample, the statistically significant ATT estimates from IPM -FFS are only for the insecticide expenditures and profit outcomes (Table 4 Panel B), therefore we only us the "Rosenbaum bounds" to test the impact of bias due to "selection on unobservables" for these two ATT estimates and omit all other insignificant ATT estimates (See Ali and Abdulai, 2010) . The results of this analysis are presented in Table 5 .
The results from the "Rosenbaum bounds" analysis suggest that in order to eliminate the estimated insecticide expenditures reduction impact of IPM-FFS, the unobservable variables would have to increase the ratio of the odds by more than 50 percent (e γ = 1.50). On the other hand, the positive impact of IPM-FFS on profits could be eliminated if unobservables can increase the ratio of the odds by only 20 percent or less. These numbers of e γ are similar to many other studies in social sciences (See Kumar, 2009; Swain and Floro, 2009; Lee, 2010; Anderson, 2011; Sen et.al, 2011; Clement, 2012 Gangl and Diprete (2004) referred to the "Rosenbaum bounds" as the worse-case 12 All the results of alternative matching schemes that are not reported here also suggest insignificant impact of IPM-FFS on profit. Results from these runs are available from the authors upon request. 13 We used the command "rbounds" in STATA to conduct the "Rosenbaum bounds" analysis.
scenario. Many studies that utilized PSM claimed that the most important observed variables are already included in their studies and concluded the value of 1.5 and higher to be not sensitive to unobservable variables (See Aakvik , 2001; Gangl and Diprete, 2004) . Similar to other studies in PSM, we already included important observed variables that affect the IPM-FFS adoption.
Therefore, based on the results above, we are quite confident that participation in IPM-FFS statistically reduces the insecticide expenditures by farmers. But we still cannot definitively conclude that the IPM-FFS significantly increases profit, since this outcome is sensitive to unobservable variables and the results from other matching method on profit are insignificant.
The Regression-based Method Results
As a robustness check to the PSM results, we implement the regression-based method based on equation (16) Table 6 . The parameter estimate for IPM-FFS adoption is only statistically significant for insecticide expenditure outcome (at the 1% level) and profit (at the 10% level). Note that the parameter estimates for the IPM-FFS variable in Table 6 are the ATE impacts of IPM-FFS on the outcome variables.
In order to get the ATT impacts, we used the parameter estimates from Table 6 and then calculated the ATT impacts of IPM-FFS on the interested outcomes using equation (18). The results are presented in Table 7 . These results are consistent with the results from PSM analysis where we found statistically strong evidence that IPM-FFS tend to reduce the insecticide expenditures of farmers who adopted IPM-FFS (statistically significant at 1% level). The insecticide expenditures reduction magnitude of PhP1,854 from this regression-based method is consistent with the results from the PSM approach. However, as with the PSM analysis, the impact of IPM-FFS on profit is weaker (but still statistically significant at 5% level). The profit increasing impact of IPM-FFS from this regression-based analysis is not much different from the magnitude of the 1-to-1 NNM of PSM analysis (about PhP55, 194 compare to PhP49, 559) . The impacts of IPM-FFS on other outcomes are also insignificant in the regression-based approach.
The Impact of Unobservable Variables on the Regression-Based Results
We assess the sensitivity of the regression-based results to unobservable variables by using the procedure of Altonji et al. (2005) . This analysis is based on calculating the ratio of the shift in the distribution of unobservable that is required to explain away the entire observed treatment effect.
Similar to the PSM method, we only test the impact of unobservable variables for insecticide expenditures and profit outcomes, since these are the outcomes that are statistically significantly affected by IPM-FFS (Table 7) . The estimated ratios, τ, related to the significant IPM-FFS impacts on insecticide expenditures and profit are presented in Table 8 .
The τ ratios are less than 1 for both insecticide expenditures (0.772) and profit (0.433).
Thus, the normalized shift in the distribution of unobservables would have to be 77% and 43% as large as the shift in observables to explain away the impact of IPM-FFS on insecticide expenditures and profit respectively. These results are consistent with the "Rosenbaum bounds"
analysis for PSM that the impact of IPM-FFS on insecticide expenditures is more robust to the presence of unobservable variables than the impact of IPM-FFS on profit. Since a small shift (less than 1) in distribution of unobservables can invalidate the ATT estimates from the regression-based method, therefore the evidence of IPM-FFS impacts from the regression-based method on insecticide expenditures and profit are not strong.
The IV with the Regression-Based Method Results
Since the impact of IPM-FFS on insecticide expenditures and profit are sensitive to unobservable variables, we then used the instrumental variable (IV) technique in estimating the regressionbased method to control for "selection on unobservables" and to see whether the results change.
In this case, we proposed distance to extension office and distance to pesticide suppliers as instrumental variables in estimating the first stage probit model for IPM-FFS adoption. Except for these two variables, the rest of observable variables used in the PSM approach are also utilized here. The first stage probit estimates for the probability of IPM-FFS adoption are presented in Table 9 and the results from the regression-based method using the IV technique are presented in Table 10 .
These results confirm the statistically significant insecticide expenditures reduction impact of IPM-FFS from the previous sections. However, the insecticide expenditures reduction magnitude is much higher at PhP 5,812, which is very close to the ATE magnitudes from the study of Yorobe et. al. (2011) . This shows that unobservable factors can alter the magnitude of the impact. The impacts of IPM-FFS on other outcomes including profit are insignificant. The insignificant impact of IPM-FFS on profit from the regression-based method using IV technique provide evidence that there are other unobservable factors that can invalidate the results from PSM with 1-to-1 NNM and the regression-based method methods in previous sections. For the impacts of IPM-FFS on other outcomes, this method also provides similar results with the PSM and the regression-based method (i.e., the impacts of IPM-FFS on other outcomes are insignificant).
Conclusion
This study empirically examines the impacts of IPM-FFS on yields, insecticide expenditure, labor expenditure, herbicide expenditure, fertilizer expenditure, and profit using data from onion farmers in the Philippines. We control for "selection on observables" by using the PSM method, but a regression-based method described in Godtland et al. (2004) is also employed as a robustness check. As these methods only control for "selection on observables", we also analyze the sensitivities of our IPM-FFS impact results to bias due to "selection on unobservables". We find evidence that IPM-FFS farmers tend to spend less for insecticides as indicated by the results from all analyses in this study. However, the results from regression-based methods still suggest that the IPM-FFS impact on insecticide expenditures may be sensitive to unobservable variables.
The result from the application of an instrumental variable (IV) technique with the regressionbased methods to control for "selection on unobservables" also confirms that IPM-FFS have statistically significant reduction impact on insecticide expenditures (even though the magnitude of the effect using this approach is higher than in the PSM).
In general, we can conclude that the IPM-FFS training program is quite successful in terms of reducing excessive insecticide use. With respect to the impact of IPM-FFS on profit, we also do not find strong evidence that IPM-FFS farmers receive higher profits than non-IPM-FFS farmers. Although one matching result (1-to-1 NNM) and the regression-based method result show a profit increasing effect of IPM-FFS, these results are highly sensitive to bias due to unobservable variables. There is no evidence that IPM-FFS training significantly affects yields, labor expenditure, herbicide expenditure, and fertilizer expenditure. Because the magnitude of expenditures on other inputs aside from insecticides increases with IPM-FFS and the impacts of IPM-FFS on yield are insignificant, the strong reduction in insecticide expenditures due to IPM-FFS do not necessarily translate to statistically higher profits.
In summary, our study suggests that the IPM-FFS significantly reduces the level of insecticide use of participating farmers, but we do not have evidence that IPM-FFS significantly impacts the other outcome variables of interest (e.g., yield, profit, and other input expenditures).
Thus, it is difficult to claim that the IPM-FFS program is an unequivocal success in terms of bringing direct economic benefits to farmers since we do not find strong evidence that IPM-FFS improves income. Without these direct economic benefits, farmers may lose motivation to attend Second, more work should be done to assess the impact of IPM-FFS on the environment.
Data on environmental variables within the farm (i.e., no. of beneficial insects, biodiversity) or in nearby water sources (i.e., nitrate levels in nearby rivers/streams) needs to be collected over time Lastly, once the benefits of IPM-FFS are better understood (including the non-monetary health and environmental benefits), then a benefit-cost analysis should be undertaken to determine whether the cost of funding the IPM-FFS dissemination approach is worth it. As mentioned in previous literature (see Feder et al., 2004; Yorobe et al. 2011) , FFS tend to be more expensive than other modes of IPM information dissemination (i.e., field days). Hence, if the net benefits derived from IPM-FFS are similar to other dissemination methods, then resources may be better spent on these alternative IPM dissemination methods rather than IPM-FFS. The role of alternative IPM dissemination methods as a substitute or complement to IPM-FFS would be better understood if these types of benefit-cost studies can be conducted.
Yorobe Jr, J., Rejesus, R., & Hammig, M. (2011 Note: The means of the matched non-IPM-FFS in 10-to-1 nearest neighbor matched sample and kernel matched sample are the weighted-average based on the weights produced in the matching procedures. Note: Balancing is satisfied as long as the p-values in each stratum is not less than 0.01.
